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Abstract 
Background 
Many low- and middle-income countries have implemented control measures against coronavirus disease 
2019 (COVID-19). However, it is not clear to what extent these measures explain the low numbers of 
recorded COVID-19 cases and deaths in Africa. One of the main aims of control measures is to reduce 
respiratory pathogen transmission through direct contact with others. In this study we collect contact 
data from residents of informal settlements around Nairobi, Kenya to assess if control measures have 
changed contact patterns, and estimate the impact of changes on the basic reproduction number (R0).  
Methods 
We conducted a social contact survey with 213 residents of five informal settlements around Nairobi in 
early May 2020, four weeks after the Kenyan government introduced enhanced physical distancing 
measures and a curfew between 7pm and 5am. Respondents were asked to report all direct physical and 
non-physical contacts made the previous day, alongside a questionnaire asking about the social and 
economic impact of COVID-19 and control measures. We examined contact patterns by demographic 
factors, including socioeconomic status. We described the impact of COVID-19 and control measures on 
income and food security. We compared contact patterns during control measures to patterns from non-
pandemic periods to estimate the change in R0.  
Findings 
We estimate that control measures reduced physical and non-physical contacts, reducing the R0 from 
around 2.6 to between 0.5 and 0.7, depending on the pre-COVID-19 comparison matrix used. Masks were 
worn by at least one person in 92% of contacts. Respondents in the poorest socioeconomic quintile 
reported 1.5 times more contacts than those in the richest. 86% of respondents reported a total or partial 
loss of income due to COVID-19, and 74% reported eating less or skipping meals due to having too little 
money for food. 
Interpretation 
COVID-19 control measures have had a large impact on direct contacts and therefore transmission, but 
have also caused considerable economic and food insecurity. Reductions in R0 are consistent with the 
linear epidemic growth in Kenya and other sub-Saharan African countries that implemented similar, early 
control measures. However, negative and inequitable impacts on economic and food security may mean 
control measures are not sustainable in the longer term. 
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Research in context 
Evidence before this study 
We conducted a PubMed search on 6 June 2020 with no language restrictions for studies published 
since inception, using the search terms ("social mix*" OR "social cont*" OR "contact pattern*) AND 
("covid*"). The search yielded 53 articles, two of which reported changes in social contacts after COVID-
19 control measures. The first study reported changes in contact patterns in Wuhan and Shanghai, and 
the second changes in contact patterns in the UK. We found no studies examining changes in contact 
patterns due to control measures in sub-Saharan Africa, and no studies disaggregating contacts by 
socioeconomic status. 
Added value of this study 
This is the first study to estimate the reproduction number of COVID-19 under control measures in sub-
Saharan Africa using primary contact data. This study also moves beyond existing work to i) measure 
contacts in densely populated informal settlements, ii) explore how social contacts vary across 
socioeconomic status, and iii) assess the impact of control measures on economic and food security in 
these areas.  
Implications of all the evidence 
COVID-19 control measures have substantially reduced social contacts and disease transmission. People 
of lower socioeconomic status face greater transmission risk as they report more contacts. Control 
measures have led to considerable economic and food insecurity, and may not be sustainable in the long 
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Introduction  
Over 6.7 million cases and 394,000 deaths from COVID-19 have been recorded worldwide as of 6 June 
2020[1]. Most recorded cases and deaths have occurred in high-income countries in Europe and North 
America. Many countries introduced extreme physical distancing control measures to control SARS-CoV2 
transmission[2]. Modelling studies suggest that without substantial mitigation measures, most low- and 
middle-income (LMIC) settings, including sub-Saharan Africa, will experience a delayed, but severe 
epidemic[3, 4]. Yet to-date, the numbers of recorded cases and deaths in Africa are much lower than 
predictions, prompting speculation on why many African countries have so far avoided a severe 
uncontrolled epidemic. A range of reasons has been proposed, including differences between settings in 
case and death detection capacity, demographic factors such as population age distribution, and the role 
of temperature and aridity in transmission[5-10]. However, many sub-Saharan African countries 
implemented lockdown and curfew measures far earlier in their country's epidemic trajectories than most 
higher-income settings in Europe and North America. For example, Kenya – the focus of the current study 
– implemented a partial lockdown on 06 April 2020 when the country had recorded just 158 cases and 6 
deaths. In contrast, although case detection rates may differ between settings, the UK implemented its 
own lockdown on 23 March 2020 after recording 6,650 cases and 335 deaths[1, 2]. The first reported case 
in Kenya was on 13 March 2020, and schools closed on 15 March 2020. Suspension of international flights, 
including mandatory quarantine of incoming residents, closure of bars and restrictions on restaurant 
opening hours, and a ban on large gatherings were imposed on 25 March 2020, soon followed by an 
enactment of a nationwide curfew from 7pm to 5am. On 5 April 2020, the Kenyan government declared 
wearing face masks as mandatory in any public place. Recently, cessation of movement was imposed in 
informal settlements in Mombasa and Nairobi, following a rise in cases in Nairobi’s Kibera informal 
settlement. Consequently, the government has indicated additional physical distancing measures may be 
authorised.  
Physical distancing control measures seek to reduce the number of contacts between people where 
transmission could occur. To predict the impact of control measures accurately, quantitative data on the 
number and type of contacts between people is required. To-date, only a few empirical studies have been 
published to assess the impact of COVID-19 control measures on contacts; these have been conducted in 
China[11], the USA [12] and Europe [13]; but none were undertaken in sub-Saharan Africa. In fact, prior 
to the current pandemic, a systematic review[14] reported that just four social contact surveys out of 64 
had been conducted in sub-Saharan Africa, including one in Kenya[15-17]. To our knowledge, just one 
LMIC study has been published since this review[18]. This lack of evidence means that many SARS-CoV-2 
transmission models primarily use synthetic contact matrices for LMIC settings, which use demographic, 
household composition, classroom size and other data to adjust social contact data from primarily high-
income settings[19, 20]. Although one social mixing study was conducted in Kilifi, a coastal area of 
Kenya[21], outside of one study which collected data from a South African township[16], no published 
contact data exist from informal settlements, which may be particularly vulnerable to COVID-19 due to 
high levels of population density, indoor crowding and household sizes, alongside intergenerational 
mixing within the household. 
Between-person contacts drive the transmission of respiratory pathogens, such as SARS-CoV-2. 
Understanding how contact patterns change under different control measures is important to inform 
decisions on whether and how to implement them. In this study, we describe a survey of contact patterns 
conducted among a sample of adults from five informal settlements in urban and peri-urban areas around 
Nairobi. We explore how direct contacts vary across respondent characteristics, including by 
socioeconomic status. We estimate the impact of current control measures on the reproduction number, 
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R0, to evaluate whether these measures might be sufficient to control the epidemic. We also describe 
income losses and food security that respondents attribute to COVID-19 and control measures. 
Methods 
Ethics 
Participation in the study was voluntary and analyses were conducted on anonymised data. The study was 
approved by the internal review board of the Population Council (study number 936), the ethics 
committee of the London School of Hygiene and Tropical Medicine (reference number 22294), and the 
AMREF Health Africa Ethics and Scientific Review Committee in Kenya (P803/2020).  
Survey methodology 
Adult respondents were recruited from two existing Population Council cohorts in five informal 
settlements around Nairobi (Kibera, Huruma, Kariobangi, Dandora, and Mathare). The existing cohorts 
were part of the Adolescent Girls Initiative Kenya (AGI-K) and Nisikilize Tujengane (NISITU - Listen to Me, 
Let’s Grow Together) studies. The cohorts were in place to study the impacts of multi-sectoral 
interventions on adolescents, and consisted of randomly-selected households from informal settlements 
which contained at least one adolescent in January 2015 (AGI-K) or January 2018 (NISITU) . In May 2020, 
1750 respondents from AGI-K and NISITU cohorts completed a telephone survey on COVID-19 knowledge, 
attitudes, and perceptions (KAP). Of these 1750, an age and sex stratified random sample of 213 
respondents completed a contact survey. Stratification was based on 2019 Kenya census data for Nairobi 
county, with a target sample size of 200 and 20% oversampling to account for refusal. This was based on 
the sample sizes of similar contact surveys[14], alongside feasibility of phone interviewing during 
lockdown. Background data, including household ownership of assets, were  merged from previous survey 
rounds. Respondents were first asked a range of questions on COVID-19 including knowledge and 
experience of testing and symptoms, economic impacts on the household and food availability and cost. 
Then respondents were asked to report all direct physical and non-physical contacts made between 5am 
the day preceding the survey and 5am the day of the survey. A direct contact was defined as someone 
respondents met in person and with whom they had either i) “physical contact (any sort of skin-to-skin 
contact e.g. a handshake, embracing, kissing, sleeping on the same bed/mat/blanket, sharing a meal 
together out of the same bowl, playing football or other contact sports, sitting next to someone while 
touching shoulder to shoulder, etc.”, or ii) “Non-physical contact (you did not touch the person, but 
exchanged at least a few words, face-to-face within 2 metres – for example, someone you bought 
something from in the market, or rode with on a minibus, or worked with in the same area)”. All 
respondents were over the age of 18 so no contact data were collected from children, however 
respondents were able to list contacts under the age of 18. 
We made pragmatic adaptations to existing contact measurement tools to allow them to be conducted 
over the phone, primarily to reduce respondent burden and to ensure that aggregate contact data were 
not biased downwards by respondent fatigue. Respondents were first asked about contacts with 
members of their household the previous day, recording the contact age, gender, and whether contacts 
were physical or non-physical. Then respondents were asked how many non-household contacts they had 
had in the same timeframe. Those who reported nine or fewer outside household contacts were asked to 
describe each contact’s age, gender, whether the contact was physical or non-physical, the duration of 
the contact, and whether a mask was worn by the respondent or contact. Those who reported ten or 
more outside-household contacts were asked how many of these contacts were physical/non-physical, in 
the age ranges under 18, 18-60, and over 60. The contact tool is shown in supplementary file 1. 
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Statistical analysis 
R version 4.0.0 and Stata 15 were used for analyses; the code and data are publicly available here. The 
age and gender of respondents were compared to the full sample from which they were drawn, alongside 
census data to assess the representativeness of the sample. Data on household assets were used to 
classify respondents into wealth quintiles using principal component analysis; supplementary file 2 gives 
information on this, alongside methods used to estimate economic and food security. 
We calculated the mean number of social contacts per person per day, stratified by respondent age, sex, 
household size, and education level. We then calculated social contact matrices for the age category-
specific daily frequency of direct contacts, adjusting for contact reciprocity and the age distribution using 
census data from informal settlement sub counties. We then compared the mean total number of daily 
contacts by age group to the only empirical dataset available from Kenya in Kiti et al.[21], alongside 
synthetic matrices from 2017 [19] and 2020 [20]. Kiti et al. collected data on physical contacts only, so we 
restrict our sample to physical contacts when comparing with this study. We adjusted both matrices to 
match the age structure of the informal settlement setting, using the 2019 Kenyan Population and Housing 
Census to adjust from Kilifi and nationally representative populations respectively[22] supplementary file 
3 provides more detail. Because Kiti et al. collected data on the age of contacts in categories (<1, 1-5, 6-
15, 16-19, 20-49, 50+) which were different to those in this survey, we restructured both age matrices and 
used 1000 bootstrapped samples of both datasets to impute the number of contacts for matching age 
ranges. We adjusted for symmetry after bootstrapping because one age range in our data (60+) had fewer 
than five respondents. Bootstrapping was not possible with Prem et al. matrices as they do not relate to 
individual level data.  
As respondents under the age of 18 were not included as survey respondents, we imputed child contacts 
using methods developed by Klepac et al.[23], and implemented for the same purpose in a UK study[13]. 
This involved taking the ratio of the dominant eigenvalues between our matrices and the comparable 
setting-adjusted matrices to scale missing matrix elements.  
Finally, we estimated the impact of control measures on the basic reproduction number (R0) in this 
population. Because there are no baseline contact data from this population without control measures, 
we assume that contact patterns in this sample prior to control measures were similar to those estimated 
by Kiti et al. or Prem et al. We make the common assumption for respiratory infections that the next 
generation matrix is a function of the age-specific number of contacts, the per-contact transmission 
probability, and the duration of infectiousness, and that R0 is therefore proportional to the dominant 
eigenvalue of the contact matrix[18][17].We assume that existing matrices are comparable to the 
informal settlement setting of this study, that there were no changes in the duration of infectiousness 
during the study period, that per-contact transmission probability also remained constant, and that all 
age groups have the same per contact transmission probability, given infection. With these assumptions, 
the relative reduction in R0 can be estimated as the reduction in the dominant eigenvalue of the contact 
matrices. Finally, our central estimate of the R0 of SARS-CoV2 is 2.6 (SD = 0.54), as estimated in a meta-
analysis of published estimates of R0 prior to the introduction of control measures[13]. Because studies in 
this meta-analysis were predominantly based on European and Asian countries, we explore a lower bound 
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Results 
Respondent and contact characteristics 
Out of the 1970 people sampled for the KAP survey, 1745 interviews were completed. Of the initial 1970 
sampled, 237 were sampled to complete the additional contacts module. In total, 213 were successfully 
interviewed and recorded 3809 contacts. 830 (22%) of these were household contacts, and 324 (9%) were 
non-household contacts on which we have detailed information. The remaining 2655 (70%) were non-
household contacts of respondents who reported ten or more such contacts. The mean age of 
respondents was 33 (SD: 11.38, max: 70) and 51% were female (108/213). Table 1 shows that the age and 
gender distribution of respondents broadly matched that of a) the sample from which respondents were 
randomly chosen, and b) the Kenyan adult population. Compared to both groups there is some indication 
that our sample has more 18-29 year olds and fewer 60+ year olds than national data, whilst our sample 









(all ages)  
Kenya* 
(>19 only) Kiti et al. 2017 
Age group      Age group  
0-17 0 - - 50%*  <1 15% 
18-29 95 44% 28% 18%* 36%* 1-5 16% 
30-39 61 29% 30% 14% 28% 6-14 17% 
40-49 34 16% 29% 9% 18% 15-19 16% 
50-59 21 10% 10% 5% 10% 20-49 24% 
60+ 3 1% 3% 4% 8% 50+ 11% 
Gender        
Male 106 50% 37% 50% 51% Male 46% 
Female 108 50% 63% 50% 49% Female 54% 
*Kenyan national data from United Nations World Population Prospects [19] 
Table 1: Respondent characteristics in this study and comparison with data from mixing module 
respondents, full sample, and Kenya national demographics 
Implications of COVID-19 control measures  
Eight respondents (4%) reported two or more COVID-19 symptoms1 in the previous seven days. 42% of 
respondents (89/213) thought they had a high chance of acquiring SARS-CoV2, and 81% (172/213) thought 
the implications would be “severe” or “very severe” if they caught the virus. When asked an open ended 
question without prompting what they would do if they developed COVID-19 symptoms, 64% (136/213) 
thought they would take a test, and 7% (16/213) said they would stay at home or avoid social gatherings. 
Just 6% (13/213) of respondents knew someone who was either suspected of having COVID-19 or who 
had tested positive.  
Respondents reported substantial food and economic insecurity due to COVID-19 and control measures. 
Around a third (36%, 76/213) reported the pandemic had caused a complete loss of income, and an 
additional 50% (107/213) reported partial income losses. 83% (177) reported experiencing increases in 
food prices, and three-quarters of respondents reported eating less or skipping meals due to having too 
little money for food (74%, 158/213); all but one (157/158) reported that this was due to the situation 
 
1 Fever, headache, cough, diarrhea, difficulty breathing, loss of taste or smell, tiredness/fatigue, chest pain, 
chills, rash, dizziness, sneezing, sore throat, myalgia  
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with COVID-19. Just 21% (44/213) reported receiving monetary or non-monetary assistance in the 
previous seven days – 78% (166) reported that food was the one of the biggest needs that was currently 
unmet. 
COVID-19 control measures meant 92% (196/213) of respondents reported seeing friends less, and 64% 
(136) seeing family less. 25% of respondents (54/213) reported leaving the settlement where the 
interview was conducted in the previous 24 hours. At the time of data collection, mask wearing was 
required by the Kenyan government in public places and was very common: 94% (199/211) of respondents 
reported “always” wearing a mask outside of their house. 
Contact patterns 
The mean number of contacts reported was 18 (median 13, IQR 7-23), 4 household contacts (median 4, 
IQR 3-12) and 15 non-household contacts (median 10, IQR 4-20). As shown in figure 1, respondents in the 
poorest quintile reported 1.5 times as many contacts as those in the richest quintile and we find evidence 
of a downwards trend in contacts as socioeconomic status increases (non-parametric test for trend 
p=0.02). There was weak evidence that men had more contacts than women (20.3 – 15.5 = 4.8, t-test 
p=0.04) and contacts increased with age (non-parametric test for trend p=0.05). Just 22% (847/3841) of 
contacts were reported within the household, and total contacts did not vary substantially by household 
size or by respondent education level. This lack of variation by household size is consistent with most 
contacts being outside of the household.  
Figure 2 summarises the characteristics of contacts for which we have detailed information (830 
household contacts and 324 non-household contacts where a respondent reported fewer than ten non-
household contacts). Most physical contacts were household contacts and the proportion of female 
contacts was higher among household than non-household contacts. Just 8% (27/324) of all contacts took 
place without a mask being worn by either the respondent or the contact. Most reported contacts were 
brief: 40% (130/324) were under five minutes, and a further 23% (75/324) between five and 15 minutes. 
Finally, 41% (133/324) of non-household contacts took place in an outside location, and 34% (110/324) of 
non-household contacts were in the home of the respondent or contact. Figure 3 shows age-specific 
contact matrices disaggregated by contact location and type; these are asymmetric and not adjusted for 
demography. Matrices are consistent with the majority of contacts occurring outside of the household 
and being non-physical.  
Figure 4 uses the two existing contact matrices for Kenya to impute contact patterns for under 18s, 
adjusting for age-distribution and symmetry. The two pre-COVID-19 data sources differ substantially in 
their methods, and the differences are propagated in these adjusted matrices. We find a 62% reduction 
in physical contacts, and a 63-67% reduction in all contacts compared to before the epidemic. We estimate 
R0 under control measures, shown in figure 5. All comparisons to pre-COVID-19 matrices assuming R0 =2.64 
suggest that control measures reduced R0 to below one, to 0.6 (IQR: 0.50, 0.68) for physical contacts and 
to either 0.54 (IQR: 0.46, 0.61) or 0.67 (IQR: 0.57, 0.76) depending the synthetic matrix used as 
comparator, based on Prem et al. 2017 [19] and 2020 [20] respectively. Using the lower R0 estimate of 
1.46, we estimate reductions to 0.33 (IQR 0.27, 0.39) for physical contacts, and either 0.30 (IQR: 0.24, 
0.35) or 0.37 (IQR: 0.3, 0.43) all contacts. Based on these values, control measures would have reduced 
the mean estimate of R0 to below one even if the initial R0 had been as high as 4.36 assuming only physical 
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Figure 1: Median number of direct contacts (physical and non-physical) by (A) socioeconomic status 
quintile, (B) gender, (C) respondent age, (D) education level, and (E) household size. Each panel shows 
the median, hinges (25th and 75th percentiles), and whiskers representing upper and lower adjacents.  
Outliers are not displayed in boxplots for scale, these are plotted in (F) showing the distribution of the 
number of direct contacts reported. 
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Figure 2: Characteristics of (A) household and (B) non-household contacts for which full information 
was gathered 
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Figure 3: Age-stratified mean number of reported contacts from survey respondents recruited from 
five informal settlements around Nairobi. (A) is the aggregate mixing matrix, (B) shows household 
contacts only, (C) shows non-household contacts only, (D) shows physical contacts only, and (E) shows 
non-physical contacts only  
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Figure 4: Mixing matrices with 1000 bootstrapped samples, where (A) is the unadjusted physical 
contact matrix, (B) the physical contact matrix from Kiti et al. (2014) adjusted for the age distribution 
of the informal settlement setting, and (C) is the mixing matrix produced when Kiti et al. data are used 
to impute child contacts. (D) is the unadjusted contact matrix, (E) the contact matrix of Prem et al. 
(2020) adjusted for the age distribution of the informal settlement setting, and (F) the mixing matrix 
produced when Prem et al. data are used to impute child contacts 
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Nb. R0 assumed ~Norm (2.6, SD = 0.54) prior to control measures  
Figure 5: Estimated value of R0 at time of survey   
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Discussion 
COVID-19 control measures in informal settlements appear to have led to a large reduction in social 
contacts. We find a 62-67% reduction in eigenvalues of contact matrices depending on the pre-COVID-19 
matrix used; assuming an R0 of 2.6, this would translate to an R0 of between 0.5 and 0.7 at the time of data 
collection. By contrast, simulation estimates of the R0 in an unmitigated COVID-19 epidemic in Kenya were 
between 1.78 (95%CI: 1.44 - 2.14) and 3.46 (95% CI: 2.81-4.17)[25]. The R0 we estimate here is consistent 
with the linear shape of the Kenyan epidemic to-date. The large reductions in contacts we estimate are of 
similar magnitude to those seen in both the UK[13] - (74% reduction in contacts), in Wuhan and 
Shanghai[11] (86% reduction),  and the USA (70% reduction) [12]. We are not aware of any comparable 
post-lockdown studies from low- or middle-income settings to-date, including sub-Saharan Africa.  
Considerable food and economic vulnerability was reported due to COVID-19 control measures. Over 80% 
of respondents reported a partial or complete loss of income, and three quarters reported eating less or 
skipping meals due to COVID-19. Households reported they were receiving some assistance, but that their 
biggest remaining unmet need was food. Although the prevalence of COVID-19 was low, and these factors 
can largely be attributed to control measures rather than illness from COVID-19 itself, it is important to 
recognise the counterfactual of no control measures is an unmitigated epidemic, and not an absence of 
these harms. The socioeconomic situation of informal settlements means that respondents may face 
greater economic precarity than residents of formal urban areas. Even within this sample, the poorest 
quintile of respondents reported 1.5 times as many contacts as the richest, suggesting an inequitable 
impact of COVID-19 transmission. This inequity would be exacerbated if socially patterned financial and 
access barriers inhibit the poor from seeking care for COVID-19[26, 27]. Stringent control measures which 
cause economic and food insecurity are not likely to be sustainable in the long term if not accompanied 
by social protection mechanisms. 
This study has a number of limitations. In the absence of baseline contact data (i.e. before control 
measures were put in place), we use empirical matrices from a different area of Kenya and synthetic 
matrices based on adjusting contact surveys from higher income countries to household and other 
characteristics in Kenya. Although we adjust these datasets by the age structure of the Kenyan population, 
other factors such as household size were not reported and may influence number of contacts and 
therefore pathogen transmission. The pre-COVID-19 setting of Kiti et al. is very different to this sample, 
not least as estimates place population density around 24 times greater in informal settlements (Kibera: 
55000 persons/ km2) compared to urban Kilifi (2325 persons/km2)[28]. Because we would expect contacts 
to be greater in more densely populated areas, the true reduction in contacts may be more than we 
estimate here. Although we have a range of background data on respondents from using existing sampling 
frames, households in the AGI-K and NITISU cohorts were initially selected as having an adolescent 
residing there in 2015 and 2018, respectively. 
Other social contact surveys have used a prospective study design, asking respondents to record contacts 
in a daily diary[29]. Because we asked respondents to recall contacts from the previous day, these data 
may be subject to recall bias, although it is not clear in which direction this may act. Furthermore, we 
impute adjusted child contacts using the comparison studies. An alternative approach, such as that taken 
by Kiti et al., would have been for respondents to record contacts for children in their household – 
arranging this was not possible during COVID-19 restrictions. To make the contact survey feasible for 
phone-based data collection, we simplified the tool for respondents who reported more than ten outside 
household contacts. We are therefore limited to knowing these contacts’ age and whether the contact 
was physical or non-physical. Contacts reported in this way were a substantial proportion (70%) of the 
total sample. The main risk of bias from this may stem from respondents rounding up or down to anchor 
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numbers (e.g. units of ten); figure 1 panel E shows a few respondents cluster around 50 and 100 contacts. 
Overall, the loss of granularity was beneficial to reducing respondent burden.  
We do not calculate the net reproduction number, R, but because reported case numbers in Kenya are 
low, the proportion of the population that is no longer susceptible is likely minimal. We assume that direct 
contacts are a proxy for effective contacts and therefore transmission, and that transmissibility does not 
vary by age. In addition, we do not account for the very high proportion of respondents who report that 
they or their direct contacts wore face masks. Considering these factors would mean R is below the R0 
estimated here.  
Conclusion  
Kenya has implemented strict control measures in response to the COVID-19 pandemic. This study 
highlights the difficult decisions policymakers face as we find that control measures are likely to have 
substantially reduced COVID-19 transmission, but also negatively impacted food and economic security 
of informal settlement residents. This is the first study to measure social contact patterns after COVID-19 
control measures have been implemented in sub-Saharan Africa. There is evidence that impacts are 
inequitable, as the poorest quintile report 1.5 times more contacts than the richest quintile, and 86% of 
respondents reported complete or partial income losses. Negative and inequitable impacts on economic 
and food security may mean control measures are not sustainable in the longer term without social 
protection.  
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Supplementary file 1: Mixing data collection tool 
MIXING MATRIX                                               
                                                     
“The questions in this section will ask you about who you have had direct contact with yesterday. We are only interested in 
2 types of direct contacts. Direct contacts are people who you met in person and with whom you had either:  "Maswali 
katika sehemu hii yatakuuliza juu ya nani umewasiliana naye moja kwa moja jana. Tunavutiwa tu na aina 2 za mawasiliano 
moja kwa moja. Anwani za moja kwa moja ni watu ambao ulikutana nao kibinafsi na ambao ulikuwa nao: 
 
 
                                                      
Physical contact (any sort of skin-to-skin contact e.g. a handshake, embracing, kissing, sleeping on the same 
bed/mat/blanket, sharing a meal together out of the same bowl, playing football or other contact sports, sitting next to 
someone while touching shoulder to shoulder, etc)Kuwasiliana na watu wa kweli (aina yoyote ya kuwasiliana na ngozi kwa 
ngozi mfano kushikana mikono, kumbatiana, kumbusu, kulala kitandani / mkeka / blanketi moja, kula chakula pamoja 
kwenye bakuli moja, kucheza mpira wa miguu au michezo mingine ya mawasiliano, ukikaa karibu na mtu wakati unagusa 





                                                      
Non physical contact (you did not touch the person, but exchanged at least a few words, face-to-face within 2 metres – for 
example, someone you bought something from in the market, or rode with on a matatu, or worked with in the same 
area). Kuwasiliana na mtu ambaye haukugusa, haukugusa mtu, lakini mlibadilishana angalau maneno machache, uso kwa 
uso ndani ya mita 2 - kwa mfano, mtu ambaye umenunua kitu katika soko, au umepanda naye matatu, au umefanya kazi 




                                                      
Repeat the same grid shown below, first for household contacts and then for non-household contacts::Rudia gridi ile ile 
iliyoonyeshwa hapa chini, kwanza kwa mawasiliano ya kaya na kisha kwa mawasiliano yasiyokuwa ya kaya: 
 
 
                                                      
HOUSEHOLD: “Now I’d like you to think about the people in your household, how many people in your household have you had contact with between 5am 
yesterday and 5am today? It can be physical or non-physical contact.” ”HOUSEHOLD: "Sasa ningependa ufikirie kuhusu watu katika boma lako/jamii yako, Ni watu 
wangapi katika boma yako umetangamana nao kutoka jana 5am na leo 5am asubuhi? Inaweza kuwa mmetangamana kwa kugusana ama hata kama 
hamjagusana" 
   
   
   
   
                                                      
“Can you tell me their names/nicknames? This name/nickname is only needed to make it easier for you to complete the survey, and is not visible to anyone outside 
of this survey” ”Unaweza niambia majina yao/hata jina la utani? Jina/jina la utani linahitajika tu ili iwe rahisi kwako kukamilisha uchunguzi, na hauonekani kwa mtu 
yeyote nje ya utafiti huu." 
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List all the names. 
   
   
   
   
NON-HOUSEHOLD: “Thank you for telling me about your household contacts. Now I’d like you to think about all the people outside your household that you have 
had physical or non-physical contact with between 5am yesterday and 5am today. How many people outside your household/people you don’t live with have you 
had contact with between 5am yesterday and 5am today? It can be physical or non-physical contact.  
(Physical contact is any sort of skin-to-skin contact e.g. a handshake, embracing, kissing, sleeping on the same bed/mat/blanket, sharing a meal together out of the 
same bowl, playing football or other contact sports, sitting next to someone while touching shoulder to shoulder, etc.)  
I will ask you a few questions about each of these people” ”NON-HOUSEHOLD: "Asante kwa kuniambia kuhusu watu wa nyumba yako. Sasa ningependa ufikirie 
kuhusu watu wote nje ya boma lako ambao unaweza kuwa umetangamana nao kwa kugusana ama hata kama hamkugusana lakini mmekutana na kuzungumza 
nao kutoka saa kumi na moja jana hadi saa kumi na moja asubuhi leo. Ni watu wangapi nje ya boma/jamii yako /watu ambao hauishi nao umetangamana nao 
kutoka jana saa kumi na moja hadi leo saa kumi na moja asubuhi? Inaweza kuwa mmetangamana kwa kugusana ama hata kama hamjagusana.  
(Kutangamana na kwa kugusana ni aina yoyote ya kutangamana ngozi kwa ngozi mfano kushikana mikono, kumbatiana, kumbusu, kulala kitandani / mkeka / 
blanketi moja, kula chakula pamoja kwenye bakuli moja, kucheza mpira wa miguu au michezo mingine ya mawasiliano, ukikaa karibu na mtu wakati unagusa bega 
kwa bega, nk) 









IF NUMBER OF CONTACTS IS >10, SKIP TO 8    
                                                      
Now I’m going to ask you a few questions about each of those people and your contact with them. Can you tell me their names/nicknames? This name/nickname is 
only needed to make it easier for you to complete the survey, and is not visible to anyone outside of this survey 
If you don’t know their name, it’s OK to just give a description like “shop owner or passenger on matatu” ”Unaweza niambia majina yao/hata jina la utani? Jina/jina 
la utani linahitajika tu ili iwe rahisi kwako kukamilisha uchunguzi, na hauonekani kwa mtu yeyote nje ya utafiti huu." 
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List all the names. 
   
   
   
   
                                                      






Age group of 
person - 
please 
estimate if you 






Location of contact (if 
multiple locations, select 
the place where you 
spent the most time 
together)  (skip for HH 
contacts) 
Length of time 
spent with 
person during 
the whole day 
(skip for HH 
contacts) 
Were you or this 
person wearing a 
mask while in 
contact? (skip for 
HH contacts) 
           
 
           
 
           
 
Indicate that 
age is in years. 
For babies less 
than 1 year 
indicate 0. 
           
 
           
 
           
 
Please tell me 
the name or 
nickname of the 
person.Tafadha
li niambie jina 
au jina la utani 
la mtu huyo 
Now I want you 
to think about 
[NAME]. How 
old is [NAME]? 
If you don’t 
know the age 
for sure, just 
































mwili au sio 
ya mwili? 
Where did you meet 
[NAME]? (If more than 
one place, where did you 
spend the most time with 
them) 
Ulikutana na [JINA] wapi? 
(Ikiwa ni zaidi ya sehemu 
moja, umetumia wapi 
wakati mwingi pamoja 
nao) 
About how long 






Were you and/or 
[NAME] wearing a 
mask while in 
contact? Je! Wewe 




           
 
           
 
           
 
           
 
           
 
Enter name Enter number 
1=Male 1=physical 
1=At home or someone 
else’s house-Kwa 
1=  < 
5mins     1=Me only                  
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nyumba ama kwa 
nyumba ya mwingine 
2=  5-14 
mins   
2=Other person 
only            
 





Shule       
3= 15 -59 
mins   
3=Bot
h                    
 
3=Work (indoor)-
kazini ndani   
4=  1-4 
hours   
4=Neither 
           
 
  4=Work (outdoor) 
Kazini inje   
5=  More than 4 
hours 
           
 
5=At a place of leisure 
such as a restaurant, 
bar/koroga - Mahali pa 
burudani kama vile hoteli, 
baa / koroga 
            
                        
                        
  
            
6=At a place of worship- 
mahali pa maombi 
            
            
7=Shop-
dukani                  
 
8=Market-
Sokoni                  
 
9=Community building-
Jengo la jamii 
            
            
10=Matatu                      
11=Boda 
boda                    
 
12=Bus -
basi                    
 
13=Private vehicle/taxi-







              
              
             
 
15=Other (indoor place)- 
nyengine ndani 
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16=Other (outdoor place)-
Nyengine inje            
 
                            
                                                      
                                                                           
                                                                            
    
Of the [NUMBER OF NON-HOUSEHOLD CONTACTS] 
contacts, about how many would you say were physical 






CAL                                 
 
                                            
8                                      






PHYSICAL                                
 
                                            
    
                    
  
(a+b MUST = TOTAL NUMBER OF NON-
HOUSEHOLD CONTACTS)              
 
                                                                                                
                                                                          
9    
Of the [8a] physical contacts, I want you to think about 
their ages. About how many were under the age of 18, 
how many were 18 to 60 years old and how many were 
over 60? 





18                                  
 
                                            
                                      




60                                  
 
                                                               
                                                         




r 60                                  
 
                                                               
                                                         
                           
(a+b+c MUST = TOTAL NUMBER OF NON-
HOUSEHOLD CONTACTS)            
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1
0    
Of the [8b] non-physical contacts, I want you to think 
about their ages. About how many were under the age of 
18, how many were 18 to 60 years old and how many 
were over 60? 





18                                  
 
                                            
                                      




60                                  
 
                                                               
                                                         




r 60                                  
 
                                                               
                                                         
                           
(a+b+c MUST = TOTAL NUMBER OF NON-
HOUSEHOLD CONTACTS)            
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Supplementary file 2: Measurement of socioeconomic status, and food 
and economic security 
The following characteristics of respondents’ households were used in a principle components analysis to 
categorise the sample into five wealth quintiles. This categorisation was conducted on the full sample of 
the of the knowledge, attitudes and perceptions (KAP) survey (n=1750), of which 213 completed the in-
depth contacts survey in addition: 
1. Piped water supplying dwelling or compound 
2. Flushing toilet, to sewer, tank, pit latrine, or elsewhere 
3. Toilet not shared with other households 
4. Cooking fuel of kerosene, natural gas/LPG, or biogas 
5. Finished floor (parquet/polished floor, vinyl/asphalt strips, ceramic tiles, cement, or carpet) 
6. Concrete or tiles used in roof 
7. Dwelling of more than one room 
8. Electricity supply to dwelling or compound 
9. Television in household 
10. Mobile phone in household  
Table S2:1 shows the distribution of respondents by socioeconomic quintile. The distribution of 
respondents across SES quintiles was similar in the KAP survey and the subset of respondents who were 






1 (=poorest) 36 17 362 21 
2 47 22 343 20 
3 40 19 351 20 
4 71 33 553 32 
5(=richest) 19 9 141 8 
Total 213  1750  
Table S2:1: Breakdown of socioeconomic quintiles in samples 
Impact on food and economic security  
Participants were asked the following questions to elicit the implications of COVID-19 and control 
measures on food and economic security: 
I want to ask a few more questions about how the Coronavirus pandemic, and the responses of the 
government and others to try prevent the spread of Coronavirus,’ may have affected you. Your responses 
will not have an effect on anything you may receive, so please answer as honestly as possible. In the past 
two weeks, have you experienced any of the following as compared to before the Coronavirus started?   
• See my family less 
• See my friends less 
• Avoid public transport 
• Complete loss of job/income  
• Partial loss of job/income 
• Increased expenses for the household 
• More housework (cooking, cleaning, caring for children/sick)     
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• More tensions in the household 
• Increase of crime in your neighborhood? 
• Experienced more violence outside the house? 
• Experienced more violence inside the household? 
• Not purchasing sanitary pads (women only) 
• Not accessing health care/services/medicines that you would have otherwise needed  
• Increase in food prices 
• Other 
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Supplementary file 3: Age adjustment 
The mixing matrices of Kiti et al. (2014) [21] and Prem et al. (2017) [19] and (2020) [20] were adjusted 
for the informal settlement age-distribution. We obtained Kenyan country-level age distribution data 
from the UN World Population Prospects for 2020. We obtained sub-county age distributions for Kilifi 
and informal settlements from 2019 Kenyan census data[28]. Datasets are available in the study github 
repository. 
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